Abstract-Due to increasing sensing capacity, smartphones offer unprecedented opportunity to monitor human health. Affect sensing is one such essential monitoring that can be achieved on smartphones. Information about affect can be useful for many modern applications. In particular, it can be potentially used for understanding cognitive decline in aging population. In this paper we present an overview of the existing literature that offer affect sensing on smartphone platform. Most importantly, we present the challenges that need to be addressed to make affect sensing on smartphone a reality.
aging population from the available information about affect. We organize the rest of the paper as follows. In the next section (Section II) we define affect, discuss commonly used affect models and its application in understanding cognition in aging population. In Section III we discuss various modalities for affect sensing and present positive and negative aspects and challenges in each modality. In Section IV, we discuss and compare studies pertaining to various modalities discussed in Section III. Finally, in Section V we conclude and discuss potential future directions.
II. AFFECT SENSING AND ITS APPLICATION IN UNDERSTANING COGNITION IN AGING POPULATION

A. Affect and Affect Models
A person's affect is the expression of emotion or feelings displayed to others through facial expressions, hand gestures, voice tone, and other emotional signs such as laughter or tears.
In psychology there a number of extensively validated models are proposed to describe affect. Within the scope of the paper we have considered four different models, which are Circumplex mood model [1] , Ekman's six basic categories [2] , Positive and Negative Affect Schedule (PANAS) [3] , [4] and finally, the Big-Five Model [5] .
The Circumplex mood model describes affect in only two dimensions: the pleasure dimension and the activeness dimension. The pleasure dimension measures how positive or negative one feels and the activeness dimension measures whether one is likely to take an action under the mood state. It has been proven that users are consistently able to place discrete affect in these two dimensions.
Ekman's six basic categories: happiness, sadness, fear, anger, disgust, and surprise are very popular in describing affect. This approach is intuitive and matches peoples' daily experience well.
The third model PANAS assumes that it is possible to feel good and bad simultaneously. Therefore, it tracks the positive and negative affects separately. However, the complexity of PANAS model makes its integration difficult in real life automated applications.
Finally 
B. Affect Sensing for Coginitive Status
Cognitive decline is a strong predictor for many neurodegenerative disorders in aging population. Studies( [6] , [7] ) have shown that human cognition and affect has many dependencies. Therefore, affect sensing on the phone can facilitate the understating of the interplay between affect and cognition. Thus, it can potentially help to predict the cognitive decline by identifying specific patterns in the affect.
III. AFFECT SENSING ON SMARTPHONE
The existing methods of affect sensing on smartphone can be grouped into three categories: 1. Affect sensing using acoustic data, 2. Affect sensing from phone interactions/usage, and 3. Affect sensing from facial expressions. In Figure 1 we have illustrated the working principle of these three categories of affect sensing. Below we describe these categories in details.
A. Affect Sensing from Acoustic Data
Large body of work can be found in the literature where researchers have used voice for affect sensing [8] , [9] . However, many of these algorithms require ample processing capacity, which cannot be afforded on the smartphone platforms. Only a small number of studies can be found where affect sensing has been done on the smartphone using acoustic samples. Amongst these studies [10] is significantly advanced. In this work researchers have determined stress in both indoor and outdoor environments. However, it is not clear from the paper that how data was collected from outdoor. It would be much challenging if the stress is determined when the user is having conversation over phone -especially in presence of background noise. The other challenge would be getting access to data. It would be complicated to get ethical clearance to access conversation on the phone. Last but not the least, the publicly available datasets only use sentences pronounce by actors. However, most of these recordings are not on phone, rather on high-end microphone, so the sound does not have similar attributes if it is recorded using the phone microphone. Due to automatic gain control and noise cancellation recording using the phone microphone could potentially loose important acoustic attributes.
B. Affect Sensing using Phone Interactions/Usage
A number of studies have shown in the past that typing speed on computer keyboard and mouse click speed have correlation with human behaviour [11] - [17] . As a followup of those outcomes, researchers seek to find correlation of smartphone usages with affect. The usage under consideration include, number of SMS sent, number of calls received and made, duration of calls etc. The interaction is composed of number of presses on backspace, number of presses on Enter key etc. In addition, social interaction patterns mined from Bluetooth and Wi-Fi scan and GPS traces are used to model affect.
Affect sensing using smartphone interactions/usage have higher degree of non-invasiveness compared to audio and video based assessment, however, they have limited correlation with affect. Therefore, accuracy is generally low (see Table I ).
C. Affect Sensing using Facial Expressions
A large number of studies in the past have shown that facial expression is strongly correlated with mental wellbeing [18] - [20] . For example, it has been reported that in the depressed episodes patients pose neutral expression compared to any other expressions. However, extracting facial expression on the smartphone is a power intensive operation. It requires face area detection and then expression classification. In addition, the existing algorithms work well in controlled setting, without the change in lighting condition, occlusion, however, in natural setting it is a challenging task.
Performance of affect sensing using this method can be significantly improved if spontaneous facial expressions can be captured though out the day. A related application called Face log [21] offers the opportunistic face image capturing through the day via various mobile devices, including Google glass, smart phone etc. Such an application with expression extraction facilities would be highly useful for inferring affect. This spontaneous captures will contain more latent information instead of few minutes of self-initiated recording, where most of the people behave differently than usual. Not mentioned [30] .
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Facial expressions will also be very useful for affect sensing if expressions can be correlated with context. Studies in the past has verified the success of this method. Patients were showed movie clips with different emotional contents and corresponding responses in facial expression were recorded. The initial hypothesis was that the patients' expressions would be mostly sad, however, the results showed that the patients mostly posed neutral facial expression. This study was conducted in the laboratory using computer. Facilitating such an assessment on the smartphone would be heavily beneficial, since patient do not need to travel to the laboratory. Furthermore, this method can be even advanced, if instead of showing predefined content, if the content that the patient is watching can be automatically categorized.
IV. COMPARISON OF VARIOUS AFFECT SENSING METHODS
In this section we compare the performance of the three categories of the affect sensing methods discussed in Section III. As a basis of comparison we nominate a number of aspects, such as emotion analysed, ground truth, sample size, source of features, accuracy, method and future work.
Emotion Analyzed: This will provide the readers the information on what type of emotions are considered. Some researchers may be interested in the performance of inferring particular emotion, such as, happiness whereas others have considered broader range of emotions (e.g., disgust, boredom and others). This listing will help reader to navigate to a particular study that considers the emotion of interest. In addition, this will also form a basis of comparison amongst different studies. Generally, the method scoping higher number of emotions is considered comprehensive.
Ground Truth: This will inform the reader the various ways of validating sensor driven inference of affect.
Sample Size: This includes number of participants and duration of experiments. This is very important to evaluate the significance of the results achieved by a particular study.
Source of Features: This is an interesting aspect of comparison. This reports the diverse range of features that can be used for emotion inference.
Results: This is an obvious means of comparison. However, a study needs to evaluated jointly by the results and the sample size.
Method: Under this heading features and classification methods used within the corresponding study will be discussed. This is important to potentially compare various features and classification methods.
Future Direction: Under this heading open questions or future work directions discussed in various studied are provided. Researchers interested in extending any of the existing works can use these as a starting point of development. In Table I we briefly summarize the comparison of various studies under the three categories considered in the paper.
V. CONCLUSION AND FUTURE CHALLENGES
In this paper we have discussed various affect sensing methods that have been developed on the smartphone platform.
We have discussed the potential of affect sensing for predicting cognitive decline in aging population. We also presented a brief comparison amongst these methods which will assist the readers quickly grasp the research landscape. In summary, amongst these methods, the technique of extracting latent information about affect from smartphone usage is quite recent and promising, however, the accuracy needs further improvement. In addition, since this is a fairly new approach, long-term clinical studies need to be carried out to demonstrate the correlation of various interactions with affect. The limitations of using voice and facial expressions for affect sensing are two fold: first, it requires substantial amount of system resource which may compromise battery life. Second, opportunistic sampling is sought instead of predefined sampling. For example, facial expressions need to be captured opportunistically when people are engaged in daily routine. Similarly, voice needs to be assessed when people are engaged in phone conversation. Opportunistic sampling of voice and facial expressions will however pose challenges of extracting features from voice with background noise and evaluating facial expression under changing lighting condition, occlusion, pose variation etc, respectively. The theory of Compressive Sensing(CS) have recently attract research interest as it offers accurate classification [31] - [35] and reconstruction [36] - [41] within resource constraints. The implement ion of CS theory for classification is commonly known as Sparse Random Classifier (SRC). The most desirable attribute of SRC is that it does not require feature extraction and training, which is a critical requirement of most of the classical classification algorithms. SRC has been used in facial expression classification, abnormal event classification, gait classification, physical activity classification and so on. It will be interesting to find out the accuracy versus resource consumption capacity of SRC on smartphone platform. Last but not the least fusion of various categories will be another interesting area to explore to achieve better accuracy.
